Background: Pre-existing cellular immunity has been recognized as one of the key factors in determining the outcome of influenza infection by reducing the likelihood of clinical disease and mitigates illness. Whether, and to what extent, the effect of this self-protective mechanism can be captured in the population dynamics of an influenza epidemic has not been addressed. Methods: We applied previous findings regarding T-cell cross-reactivity between the 2009 pandemic H1N1 strain and seasonal H1N1 strains to investigate the possible changes in the magnitude and peak time of the epidemic. Continuous Monte-Carlo Markov Chain (MCMC) model was employed to simulate the role of pre-existing immunity on the dynamical behavior of epidemic peak. Results: From the MCMC model simulations, we observed that, as the size of subpopulation with partially effective pre-existing immunity increases, the mean magnitude of the epidemic peak decreases, while the mean time to reach the peak increases. However, the corresponding ranges of these variations are relatively small.
http://www.biomedcentral.com/1471-2334/12/329 severity of the 2009 H1N1 infection despite the lack of virus-specific antibody titres. A recent human experimental study demonstrated that conserved and common epitope-specific pre-existing CD4 + T cell immunity, but not CD8 + , plays a critical role in limiting viral shedding and severity of infection in the absence of antibody titers [13] . Other studies have also shown recall responses of CD4 + T helper memory cells to these shared conserved epitopes [14, 15] .
In this paper, we developed a mathematical model to explore the interplay between the individual cellular cross-reactivity and the population spread of disease, linking micro-dynamics with macro-dynamics within an immuno-epidemiology framework. The goal is to determine whether the cross-reactivity reported in our previous work [11] can be observed at the population level infection dynamics, i.e., to measure the relative change in the magnitude and timing of the epidemic peak.
Methods
Our methodology is based on the development of a continuous time Monte-Carlo Markov Chain (MCMC) model to simulate the transmission dynamics of a novel influenza virus by taking into account pre-existing immunity as a result of prior exposure to seasonal influenza strains.
Model
We divided the population into classes of individuals susceptible to the new virus with no prior exposure (S s ) and with prior exposure (S p ) having some level of preexisting T-cell immunity. Upon exposure to the virus, these individuals move to the exposed classes (E s , E p ), and after the exposed period has elapsed move to the asymptomatically infected classes (A s , A p ) or symptomatically infected classes (I s , I p ). Finally, infected individuals move to the recovered class (R) upon recovery, gaining immunity against re-infection. A schematic of our model is provided in Figure 1 . We defined s and p as the force of infection for the S s and S p populations, given by
where β is the baseline transmission rate, 0 < δ a < 1 denotes a reduction in transmissibility of asymptomatic infection, and 0 < δ p < 1 represents a possible reduction in the susceptibility of individuals in the S p subpopulation. We note that in the absence of specific antibodies, the reduction in susceptibility to infection will likely be very low (δ p ≈ 1), even in the presence of T-cell immunity. However, this cellular immunity can reduce infectiousness (i.e., that corresponds to a reduction in transmissibility in the model), and mitigate illness (i.e., which corresponds to a higher probability of undergoing asymptomatic infection) [13] . The stochastic model for the transmission dynamics of infection is described in Table 1 . The MCMC simulation moves forward in time through the determination of transition probabilities which, in turn, determine the amount of time that elapses between events. We obtained transition probabilities in the MCMC simulation using the rates defined in Table 1 . These transition probabilities were then compared to random numbers generated in the simulation and this determines which event will occur. The classes of subpopulations were subsequently adjusted to reflect this event and new transition probabilities were obtained. This procedure continued until infection was wiped out from the population (i.e., when the exposed and infected classes were equal to zero).
Parameterization of the model
We considered a population of 2000 susceptible individuals, and divided it into two groups based on their infection history with seasonal influenza A virus strains, H3N2 and sH1N1. Data from 2001 to 2009 indicate that subtype H3N2 has been the dominant circulating strain, making up over 80% of the viruses typed and subtyped in Europe [16, 17] . Thus, we assumed an upper bound of 20% of individuals considered susceptible to the new virus with prior exposure to the sH1N1 strain in the pre-pandemic era, and considered a lower bound of 80% of the population fully susceptible with no prior exposure to sH1N1.
Cross-reactive pre-existing T-cell memory responses can provide protection by reducing the susceptibility of individuals S p (this may be very low reduction), and decreasing the severity of disease and its transmissibility [13, [18] [19] [20] . We assumed that the 2009 H1N1 susceptibility of individuals with prior exposure to sH1N1 is reduced due to T-cell cross-reactivity of conserved epitopes (by a factor δ p ), but remains unchanged for those who had no prior exposure to sH1N1 (see [11, 12] ). Cross-reactivity http://www.biomedcentral.com/1471-2334/12/329 
class E s Increase in exposed was assigned at a level of 52% for S p , based on conserved T-cell epitopes [11, 12] . To reflect the reduction in the severity of illness and transmission, we first assumed that the probability of an exposed individual in E p developing symptomatic infection was reduced compared to that of an exposed individual in E s , i.e., 0 < p p < p s < 1.
We also assumed that the transmission of infection from asymptomatically infectious individuals is reduced (by a factor δ a ) compared to symptomatically infectious cases.
In our model, we let the latent period 1/γ p (for those with prior exposure to sH1N1) vary between the length of the latent period 1/γ s and the total period of infection 1/γ s + 1/α s (for those with no prior exposure to sH1N1). Furthermore, it was assumed that the total illness period following exposure is the same for all infected individuals (i.e., symptomatic and/or asymptomatic). Summarizing the above assumptions, we may highlight two main points: individuals with prior exposure to sH1N1 have (i) lower infectiousness and therefore lower transmissibility if infectious; and (ii) lower probability of developing symptomatic infection if exposed; compared to those with no prior exposure. Note that existing literature does not provide any information on the total period of infection (i.e., 1/γ + 1/α) following exposure. While a prolonged incubation period has been reported as a result of pre-existing immunity [10] , clinical experiments suggest a reduced period of illness [13] . Due to the lack of sufficient data and information, we have steered clear of changing the period of infection for those with prior exposure, and assumed that 1/γ p +1/α p = 1/γ s +1/α s . Parameter values for our model described in Table 2 are derived from the above assumptions and the published literature for seasonal and the 2009 H1N1 pandemic. We seeded simulations with initial numbers of infections I s (0) = 4 and I p (0) = 2. These initial values were chosen so that infection would progress in the population (i.e., if these were too small many simulations would clear the infection due to stochasticity).
Basic reproduction number
The basic reproduction number (denoted by R 0 ) is defined as the the average number of secondary cases generated by a single infectious case introduced into an entirely susceptible population [30, 31] . According to this definition, it is expected that an epidemic will occur if R 0 > 1, and die out if R 0 < 1. For our model, R 0 was determined to be:
where N 0 , S 0 s , S 0 p correspond to the initial sizes of the total population, the population of susceptibles with no cross-reactivity, and the population of susceptibles with 52% cross reactivity (considered as the level of immunity), respectively. The reader may consult [30] for a review of different methods of R 0 derivation. Other parameters in the expression of R 0 are described in the model diagram illustrated in Figure 1 . We used estimates of R 0 to calculate the transmission rate β for a given set of parameter values from Table 2 . Reported R 0 values for initial spread of the 2009 H1N1 virus lie in the range 1.4−1.6 in Mexico, 1.7 − 1.8 in the United States, and 1.25 − 1.38 in Ontario, Canada [10, [21] [22] [23] [24] . Note that, R 0 from these studies is, in fact, a measurement of the effective reproduction number (denoted by R e ) since prior immunity exists in the initial population [32] . To be consistent with [10, [21] [22] [23] [24] , we refer to these measurements as R 0 . http://www.biomedcentral.com/1471-2334/12/329 Description of parameters with their values and ranges extracted from the published literature.
Results and discussion
Since immune cross-reactivity is expected to prolong the incubation period and reduce the severity of illness [13, [18] [19] [20] , we simulated the stochastic dynamical model to investigate the effect of these factors in the epidemic profile. Simulations were run and mean and standard deviation (for 1000 runs) were recorded, when the initial population with cross-protection varies from 5% to 20% of the total population, the infectious period decreases from 5 to 0.5 days, and the proportion of the exposed class with cross protection E p becoming symptomatic I p varies from 0% to 60%. Figure 2 shows the variation in the peak magnitude (left column) and time to this peak (right column) for the infectious subpopulation I s +A s when p p = 0 (top), 0.05p s (middle) and p s (bottom). In each scenario, the exposed period lasts for on average 1.5 (black), 2.6 (red), 4.3 (green), 6 (blue) days, and the initial size of the population with cross protection S 0 p varies from 5% to 20%. The figure shows the mean of the simulation runs and two standard errors from the mean, where (standard error = SD/(number of simulations)). These simulations demonstrate that a change in the peak magnitude (Figure 2 , left column) can result from a change in the initial size of the population with pre-existing immunity, but the change in infectious period and the fraction of E p moving to the I p class have virtually no effect. The time of the peak magnitude was not affected by any change in these model parameters (Figure 2, right column) .
To determine the effect of cross protection δ p on the peak magnitude and time to peak, we also determined these data points for the case where cross reactivity provided no protection to individuals previously exposed to sH1N1 (δ p = 1), and only provided reduced illness and transmission. Again, we observed that, as the initial size of the population with prior exposure to sH1N1 increases, the peak magnitude of A s + I s subpopulation decreases, but the time to peak was not affected. We also observed that variation in the exposed period from 1.5 − 6 days and the fraction of the E p class moving to the infectious symptomatic class I p from 0 < p p < p s played no significant effect in the model outcomes. The results from these simulations differed very little from the case when cross protection was included in the simulations (when δ p = 0.48; simulations not shown). Further simulations demonstrate that our results hold true for larger population sizes of susceptible individuals.
During an epidemic, infected individuals who can be identified (either as influenza-like illness or laboratory confirmed case) constitute a fraction of the subpopulation I s with symptoms. In our simulations, the peak magnitude of this subpopulation changes very little, and the time to peak is unchanged from that found above. Hence it is unlikely that the impact of pre-existing cellular immunity would be observed in passive surveillance data associated with case reporting.
Conclusion
The 2009 H1N1 pandemic has been characterized as the mildest pandemic on record [8] [9] [10] . Typically, disease was mild in all age groups, which is not common to all pandemics [8] . Recent studies of the 2009 H1N1 pandemic suggest that this may be attributed to the host counter responses to infection, induced from the preexisting CD4 + and CD8 + T cell responses to the conserved epitopes [18] [19] [20] . Our previous work found that there is a high CD4 + T-cell epitope conservancy and Major Histocompatibility Complex (MHC) class II, HLA-DRB1 promiscuity between sH1N1 (which has been circulating for some 33 years), and the 2009 H1N1 pandemic strain [11] . We hypothesized that the consistent circulation and infective ability of the sH1N1 strain may be a critical factor to the atypical mild nature of 2009 H1N1, http://www.biomedcentral.com/1471-2334/12/329 The mean (star) and standard deviation (bars) correspond to 1000 simulation runs for the initial population with cross-reactivity (S 0 p /N) of 5%, 10%, 15%, and 20%, and an infectious period of 5 days (black), 3.9 days (red), 2.2 days (green), and 0.5 days (blue). The fraction of infected individuals (with prior exposure to sH1N1) which develops symptomatic infection is: (a,b) p p = 0; (c,d) p p = 0.5p s ; and (e,f) p p = p s . because both strains shared common and conserved epitopes, which remain intact in evolutionary mechanisms. In the current work, we extended this epitope conservancy study to explore the interplay between individual cross-reactivity and the population dynamics of disease spread using the MCMC simulation approach.
We developed a simulation model to determine the effect of cross-reactivity on the dynamics of H1N1 infection in a population. The results were used to compare infection curves in the presence and absence of crossreactivity, and when the initial size of the population with pre-existing immunity to the new strain (resulted from previous exposure to sH1N1) changes. We found that the infection curves of the asymptomatically and symptomatically infected populations undergo a very small change in peak magnitude and peak time. While pre-existing immunity can reduce the likelihood of clinical disease and mitigate illness, our findings suggest that the effects of Tcell immunity would be unlikely to be observed through only surveillance data collected for influenza-like illnesses or laboratory confirmed cases. This has important implications for public health planning and the development http://www.biomedcentral.com/1471-2334/12/329 of targeted strategies (e.g., vaccination) for mitigating the impact of disease in the population. First, the incidence of an influenza epidemic may not provide a reliable measurement on the novelty of the virus or the level of pre-existing immunity in the population. Second, the effect of preexisting cellular immunity in alleviating disease outcomes (e.g., hospitalization) remains largely undetectable in population dynamics of an epidemic. These suggest that rapid clinical investigations on T-cell assays remain crucial for determining the protection level conferred by pre-existing cellular responses in the face of an emerging influenza virus.
Our study focused on a fixed measurement of R 0 , varying the transmission rate (β) and the initial proportion of the population (S 0 p ). A similar interesting question related to our current study is to determine how peak magnitude and time change if β is fixed and S 0 p is varied, which will change R 0 [32] . This is a course for future work.
Our study focused on the effect of T-cell immunity developed from sH1N1 in providing partial protection against infection caused by a novel influenza strain. In the context of the 2009 H1N1 pandemic, previous work in primates has shown sH1N1 primed animals cleared the infection rapidly, suggesting the role of cross-reactive T-cell responses [33] . In the absence of specific protective antibodies, epitope-specific CD4 + T cell immunity can help reduce viral shedding and mitigate illness, with evidence of cytolytic activity [13] . In future work, combining the effects of both (cellular and humoral) types of immunity will be an important step in determining how immune system dynamics will impact the epidemic course, which may provide critical information that can be used to project plausible patterns of disease spread in the population at the early stages of disease outset.
